Abstract: Ground source heat pumps (GSHPs) have been widely applied worldwide in recent years because of their high efficiency and environmental friendliness. An accurate estimation of the thermal conductivity of rock and soil layers is important in the design of GSHP systems. The distributed thermal response test (DTRT) method incorporates the standard test with a pair of fiber optic-distributed temperature sensors in the U-tube to accurately calculate the layered thermal conductivity of the rock/soil. In this work, in situ layered thermal conductivity was initially obtained by DTRT for four boreholes in the study region. A series of laboratory tests was also conducted on the rock samples obtained from drilling. Then, an artificial neural network (ANN) model was developed to predict the layered thermal conductivity on the basis of the DTRT results. The primary modeling factors were water content, density, and porosity. The results showed that the ANN models can predict the layered thermal conductivity with an absolute error of less than 0.1 W/(m·K). Finally, the trained ANN models were used to predict the layered thermal conductivity for another study region, in which only the effective thermal conductivity was measured with the thermal response test (TRT). To verify the accuracy of the prediction, the product of pipe depth and layered thermal conductivity was suggested to represent heat transfer capacity. The results showed that the discrepancies between the TRT and ANN models were 5.43% and 6.37% for two boreholes, respectively. The results prove that the proposed method can be used to determine layered thermal conductivity.
Introduction
Increasing energy consumption, particularly the burning of fossil fuels, has resulted in global air pollution and environmental degradation, and geothermal sources have attracted increasingly more attention as a renewable resource [1] [2] [3] . Ground source heat pumps (GSHPs), one of the most important ways to use geothermal energy, have been widely used in recent years owing to their advantages of high efficiency, energy savings, and environmental protection [4] [5] [6] [7] . GSHPs use ground source energy as the cooling source for cooling buildings in summer and the low-temperature heat source for heating buildings in winter [8] . The main part of the GSHP system design is the ground heat exchanger (GHE), which is responsible for a major portion of the initial cost of this system [9] . The performance of GHE is system [9] . The performance of GHE is influenced by many factors, with the most important one being the ground thermal conductivity around GHE [10, 11] (thermal conductance is the quantity of heat that passes in unit time through a plate of unit area and thickness when its opposite faces differ in temperature by one kelvin, and defines the units as W/(m·K)). Two methods are available to measure GHE performance: laboratory experiments and thermal response test (TRT) methods [12] [13] [14] [15] . Laboratory experiments test the thermal parameters of rock and soil samples collected at the test site using a steady-or non-steady-state heat flow method. This method can test the thermal conductivity of each layer of different soil and rock types. However, considering that the disturbance of soil or rock mass during the sampling process causes larger measurement errors, the resulting parameters cannot be directly applied to the GSHP design. The TRT method for GHE was first proposed by Mogensen [16] , and is referred to as "the standard TRT" in the current study. The standard TRT simulates the actual operation of the project by cooling or heating a cycle medium at a constant power, and records the inlet and outlet fluid temperature variations during the test period. The standard TRT obtains comprehensive in situ borehole thermal parameters by analyzing the temperature data based on the line heat source model [17] . It is widely used in the actual projects.
The complexity of underground aquifers and the randomness of the geothermal characteristics of different layers greatly influence ground thermal conductivity. The accurate measurement of the thermal conductivity of rock and soil layers is one of the key points in the scientific application of GSHP technology, which is important in calculating heat transfer capacity, optimizing GHE length, and reducing initial investments [18] . However, the standard TRT has a limitation in that it only provides an effective ground thermal conductivity for GSHP design, but cannot calculate the layered thermal conductivity [19] . In recent years, many researchers have attempted to find ways to calculate the layered thermal conductivity. Fujii et al. [20] first proposed a distributed thermal response test (DTRT) based on a distributed temperature sensing (DTS) system in 2006. In 2009, they measured the temperatures with the fiber-optic DTS in the GHE and used the least squares method to estimate the depth-change thermal conductivity [21] . Acuña et al. [22] applied fiber-optic distributed temperature sensors (DTSs) in U-tubes and analyzed the ground thermal conductivity and borehole thermal resistance of each 20 m thick sub-layer. DTRT is the modification to the standard TRT. A pair of fiberoptic DTSs was added to the standard TRT and then inserted into the pipe of the GHE to measure the temperature variations of the fluid from the surface to the underground in real time. The schematic diagram of DTRT is shown in Figure 1 . A mathematical model for the layered thermal properties in each sub-layer was established individually based on the linear heat source heat transfer model, which can calculate the layered thermal conductivity of the rock/soil. It can not only establish the layered heat transfer model more accurately and improve the accuracy of calculation of the heat transfer model, but also effectively use the formation with better heat exchange capacity and improve geothermal utilization. Many factors affect thermal conductivity, including mineral variety, particle size, porosity, density, water content, and permeability [23] [24] [25] [26] . Therefore, it can be considered to establish a model to predict the layered thermal conductivity based on the main influential factors. Zhang et al. [13] used the analytic hierarchy process (AHP) to modify the thermal physical parameters of a laboratory test as replacements or supplements to the standard TRT results, in which the criterion layer consists of layer depth, water content, density, and permeability. Gao et al. [11] and Zhang et al. [27] studied the correlation of shallow layer rock and soil thermal physical tests in the laboratory and field and tried to inverse the comprehensive thermal conductivity of a borehole through the AHP method. However, the subjectivity of AHP is strong. The establishment of the structural model and the construction of the judgment matrix are decided by the subjective judgment of the decision makers. This case usually leads to errors if problems are incomprehensive. Moreover, AHP is too rough to be suitable for solving high-precision problems. The ANN model may be a good candidate for estimating layered in situ thermal conductivity, because it has been widely used in prediction, classification, pattern recognition, and function approximations. Furthermore, it can solve complex problems in actual situations with the advantages of learning capability, memory simulation, and nonlinear approximation [28, 29] .
ANN has been used widely in the energy system. Esen et al. predicted the performance of a GSHP system with vertical and horizontal GHEs on the basis of ANN. They also used several methods such as an adaptive neuro-fuzzy inference system, support vector machine, and ANN for predicting of the performance of GSHP systems. The results showed that the ANN model was highly accurate when predicting the system coefficient of performance [30] [31] [32] [33] . Fannou et al. [34] used an ANN model to predict the performance of a direct expansion heat pump. Gang et al. [35, 36] used ANN to predict the water temperature exiting to control the parallel-connection hybrid GSHP system with an intermittent run of the GHEs. Sang et al. [37] used multiple linear regression analysis and ANN models to research the quantitative analysis of the influencing variables on large-scale and GSHP system performance and the hourly performance prediction for application as a baseline for accurate cost-saving calculation by energy conservation measures in an hourly electricity pricing system. However, studies on the prediction of layered thermal conductivity with ANN have not yet be done.
In this study, the DTRT experiment and the laboratory tests with the samples obtained from the same borehole were all conducted in Changchun City, Jilin Province, China. The findings on layered thermal conductivity calculated with the two methods are compared in order to determine the main influencing factors. Then, the influencing factors are utilized as the input layer parameters to build the ANN models and predict the layered thermal conductivity of GSHP. This method enables the predicted data to reflect the capacity of the ground heat conduction as close as possible to that of DTRT. This method also depicts the layered thermal conductivity in the standard TRT test area and optimizes the GSHP system design.
Formation Characteristic of the Test Area
Changchun City is in Northwest Jilin Province, China, and is the capital of the province. The geographic coordinates are longitude of 124 • 18 E-127 • 05 E and latitude of 43 • 05 N-45 • 15 N. Changchun belongs to the north temperate zone continental monsoon climate with four seasons. This area is a cold climate zone. The region's annual average temperature is 4.8 • C, with a maximum temperature of 39.5 • C and a minimum temperature of −39.8 • C [38] .
The two field test areas in this study are located in Chaoyang District, southwest of Changchun City, and they are marked in red in Figure 2 . DTRT was conducted in the CY01 study region, which had four boreholes (ZK01, ZK02, ZK03, and ZK04), while the standard TRT was conducted in the CY02 study region, which had two boreholes (ZK05 and ZK06). All six boreholes are 120 m deep. All GHEs utilize single-U pipes. According to the borehole lithology data, the strata mainly consist of silty clay, mudstone, sandstone, silty mudstone, and fine sandstone. The geological layers of the ground within 120 m depth are divided into nine layers. The geological profile of the borehole field is shown in Figure 3 . In 0.7-19.6 m, it is composed of silty clay, and unconfined aquifer is revealed in this layer. The layer from 19.6-49.2 m is the impermeable layer, which is the crust of weathering at the top of the Lower Cretaceous impermeable layers that are composed of mudstone. The layer from 49.2-120 m is confined aquifer, which is mainly the interbeds of sandstone, silty mudstone, and fine sandstone in different thicknesses. The measured groundwater level is 1.5 m during the exploration period. The respective permeability coefficient values of the clay layer and the sandstone layers are 0.2-0.4 and 1.5-3.8 m/d, respectively, according to the engineering experience in Changchun area. According to the borehole lithology data, the strata mainly consist of silty clay, mudstone, sandstone, silty mudstone, and fine sandstone. The geological layers of the ground within 120 m depth are divided into nine layers. The geological profile of the borehole field is shown in Figure 3 . In 0.7-19.6 m, it is composed of silty clay, and unconfined aquifer is revealed in this layer. The layer from 19.6-49.2 m is the impermeable layer, which is the crust of weathering at the top of the Lower Cretaceous impermeable layers that are composed of mudstone. The layer from 49.2-120 m is confined aquifer, which is mainly the interbeds of sandstone, silty mudstone, and fine sandstone in different thicknesses. The measured groundwater level is 1.5 m during the exploration period. The respective permeability coefficient values of the clay layer and the sandstone layers are 0.2-0.4 and 1.5-3.8 m/d, respectively, according to the engineering experience in Changchun area. Energies 2018, 11, x FOR PEER REVIEW 5 of 25 Determining the initial ground temperature before conducting the standard TRT and DTRT is important. The temperature profiles measured in the borehole are shown in Figure 4 . The depth of the changing temperature layer is 0-20 m. The depth of the constant temperature layer is 20-40 m, and the mean temperature is 7.8 °C. The depth at which temperature begins to increase is 40-120 m, and the geothermal gradient is approximately 3 °C/100 m. The initial mean temperature of each borehole is obtained by the weighting method. The average temperature is 8.6 °C over the entire range of the ground within 120 m, except for the changing temperature layer. 
Project Example 1

Project Overview of CY01 Study Region
The CY01 field test area is approximately 40,000 m 2 . To apply GSHP, DTRT was performed for each borehole with 6.0 kW heating power. The entire experiment experienced a 48 h heating period [12] , which followed the China Geological Survey Specification.
To obtain more detailed characteristics of ground thermal properties before conducting the DTRT, samples were taken once every 2 m, according to the relative specification requirement. Sixty samples of soil and rock were collected from every borehole, and 240 samples were tested in the laboratory. Thermal physical parameters such as thermal conductivity and specific heat capacity and physical parameters such as natural rock density, porosity, and water content were obtained in detail. In this work, the thermal conductivity scanning instrument developed by Popov et al. [39] is selected for the measurements. This instrument is a kind of unsteady method based on the moving point heat source method, and it offers the advantages of high accuracy, precision, and efficiency. It also does not cause damage to a specimen, and its measurement error is less than 1% in order to reduce the disturbance for the samples, especially the water content. Hence, the sample was sent to the laboratory as soon as possible after sampling, and it was sealed well during transportation. The number of samples for each test was more than five, in order to ensure accuracy of the results.
In this test, the experimental equipment was composed of the standard TRT equipment and fiber-optic DTS. The equipment for TRT is the GSHT-1 geotechnical in situ thermophysical property tester that is certified by the China Geological Survey. The fiber-optic DTS is widely used in the GHE system because of its low signal loss and small diameter, which can avoid disturbing the flow circulation [40] . The principle of DTS is the laser back-scattering Raman effects [41] . The DTS inserted into the inner part of the U-type tube was used to monitor the temperature evolution of the ground 
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In this test, the experimental equipment was composed of the standard TRT equipment and fiber-optic DTS. The equipment for TRT is the GSHT-1 geotechnical in situ thermophysical property tester that is certified by the China Geological Survey. The fiber-optic DTS is widely used in the GHE system because of its low signal loss and small diameter, which can avoid disturbing the flow circulation [40] . The principle of DTS is the laser back-scattering Raman effects [41] . The DTS inserted into the inner part of the U-type tube was used to monitor the temperature evolution of the ground along the depth. Owing to the precision of the DTS, the temperature change was very small when the distance between the optical fiber temperature acquisition points was very short in the buried tube, and the DTS could not accurately measure the temperature change. Figure 5 shows the 14 temperature collection points selected according to the change of the stratum lithology. Three of the optical fiber temperature acquisition points were in the quaternary silty clay layer at depths of 6, 12, and 18 m. The rest of the optical fiber temperature acquisition points were distributed vertically along the borehole at intervals of approximately 10 m. During the test, a constant heating power of 6000 W was maintained and the circulating pump was used to drive the hot water to flow at a speed of 1 m 3 /h in the buried pipe to dissipate the heat into the soil. The temperature of recycled fluid in GHE was recorded by the DTS with a temporal interval of 60 s. In addition, the fluid temperatures at both shanks of the U-tube were measured by the temperature probe. along the depth. Owing to the precision of the DTS, the temperature change was very small when the distance between the optical fiber temperature acquisition points was very short in the buried tube, and the DTS could not accurately measure the temperature change. Figure 5 shows the 14 temperature collection points selected according to the change of the stratum lithology. Three of the optical fiber temperature acquisition points were in the quaternary silty clay layer at depths of 6, 12, and 18 m. The rest of the optical fiber temperature acquisition points were distributed vertically along the borehole at intervals of approximately 10 m. During the test, a constant heating power of 6000 W was maintained and the circulating pump was used to drive the hot water to flow at a speed of 1 m 3 /h in the buried pipe to dissipate the heat into the soil. The temperature of recycled fluid in GHE was recorded by the DTS with a temporal interval of 60 s. In addition, the fluid temperatures at both shanks of the U-tube were measured by the temperature probe. The vertical temperature profiles of ZK01 at the initial and the 3rd, 6th, 12th, 24th, and 48th hours, according to the data measured by the DTS, are plotted in Figure 6 . Based on the distributed temperature curve and the known input heating power, the line heat source model was used to calculate the thermal conductivity of each sublayer. The layered thermal conductivity values obtained by the DTRT and laboratory tests are shown Figure 7 . Besides, the changing curves of the physical properties of boreholes ZK01-04 with depths are also drawn in Figure 7 .
The average layered thermal conductivity values obtained by DTRT are 0.979, 1.768, 2.106, 2.042, and 2.313 W/(m·K) for silty clay, mudstone, sandstone, silty mudstone, and fine sandstone, respectively. The average layered thermal conductivity values obtained by the laboratory are 0.520, 1.358, 1.647, 1.837, and 1.915 W/(m·K) for silty clay, mudstone, sandstone, silty mudstone, and fine sandstone, respectively. The results showed that the thermal conductivity varies with the layer conditions, and the measured layered thermal conductivity by DTRT is greater than that by the laboratory. The discrepancy is mainly caused by the changes in water content and space environment during sampling, especially the groundwater seepage. For the silty clay, sandstone, and fine sandstone, the discrepancy between the results of the laboratory and field tests is estimated to be because of the existence of groundwater flow. The respective permeability coefficient values of the The vertical temperature profiles of ZK01 at the initial and the 3rd, 6th, 12th, 24th, and 48th h, according to the data measured by the DTS, are plotted in Figure 6 . Based on the distributed temperature curve and the known input heating power, the line heat source model was used to calculate the thermal conductivity of each sublayer. The layered thermal conductivity values obtained by the DTRT and laboratory tests are shown Figure 7 . Besides, the changing curves of the physical properties of boreholes ZK01-04 with depths are also drawn in Figure 7 .
The average layered thermal conductivity values obtained by DTRT are 0.979, 1.768, 2.106, 2.042, and 2.313 W/(m·K) for silty clay, mudstone, sandstone, silty mudstone, and fine sandstone, respectively. The average layered thermal conductivity values obtained by the laboratory are 0.520, 1.358, 1.647, 1.837, and 1.915 W/(m·K) for silty clay, mudstone, sandstone, silty mudstone, and fine sandstone, respectively. The results showed that the thermal conductivity varies with the layer conditions, and the measured layered thermal conductivity by DTRT is greater than that by the laboratory. The discrepancy is mainly caused by the changes in water content and space environment during sampling, especially the groundwater seepage. For the silty clay, sandstone, and fine sandstone, the discrepancy between the results of the laboratory and field tests is estimated to be because of the existence of groundwater flow. The respective permeability coefficient values of the clay layer and the sandstone layers are 0.2-0.4 and 1.5-3.8 m/d, respectively, according to the engineering experience in Changchun area. The heat is convected by the flow of groundwater, leading to higher conductivity of this layer. In addition, the change of water content may also contribute to the discrepancy of the field and laboratory test results. Zhang et al. [9] found the average thermal conductivity of natural flow field is 23% higher than the laboratory experiment weighted results and acceleration of groundwater flow is propitious to improve the thermal conductivity. For the mudstone and silty mudstone, the discrepancy between the results of the two kinds of tests is relatively small, and the main factor resulting in the difference is estimated to be the moisture change during the sampling process. clay layer and the sandstone layers are 0.2-0.4 and 1.5-3.8 m/d, respectively, according to the engineering experience in Changchun area. The heat is convected by the flow of groundwater, leading to higher conductivity of this layer. In addition, the change of water content may also contribute to the discrepancy of the field and laboratory test results. Zhang et al. [9] found the average thermal conductivity of natural flow field is 23% higher than the laboratory experiment weighted results and acceleration of groundwater flow is propitious to improve the thermal conductivity. For the mudstone and silty mudstone, the discrepancy between the results of the two kinds of tests is relatively small, and the main factor resulting in the difference is estimated to be the moisture change during the sampling process. clay layer and the sandstone layers are 0.2-0.4 and 1.5-3.8 m/d, respectively, according to the engineering experience in Changchun area. The heat is convected by the flow of groundwater, leading to higher conductivity of this layer. In addition, the change of water content may also contribute to the discrepancy of the field and laboratory test results. Zhang et al. [9] found the average thermal conductivity of natural flow field is 23% higher than the laboratory experiment weighted results and acceleration of groundwater flow is propitious to improve the thermal conductivity. For the mudstone and silty mudstone, the discrepancy between the results of the two kinds of tests is relatively small, and the main factor resulting in the difference is estimated to be the moisture change during the sampling process. Cho et al. [24, 25] found that the thermal conductivity of dry samples decreases with the increase of effective porosity, and the thermal conductivity of wet samples increases with the increase of water content, because the lower thermal conductivity of air in voids of rock is replaced by the higher thermal conductivity of water. Under saturated conditions, all pores of granite are filled with water, which decreases the effects of effective porosity on thermal conductivity under saturated conditions. Abu-Hamdeh et al. [42] found that the change of water content has a great influence on the thermal properties of rock and soil when the water content is low, and the influence is related to density. Abuel-Naga et al. [43] found that thermal conductivity increases with increasing soil density by investigating the thermal conductivity of soft Bangkok clay from laboratory and field measurements. The analyses revealed that the main factors influencing the conductivity results are water content, porosity, and density. Therefore, a new method is proposed in which the ANN models are used to predict the layered thermal conductivity based on the result data of DTRT.
Artificial Neural Network
ANN is an information processing technology that is inspired by the way of biological nervous systems. It can solve complex problems in actual situations with the advantages of learning capability, memory simulation, and nonlinear approximation [28, 29] . In the present study, a new method is proposed in which an ANN model is used to predict the layered thermal conductivity based on primary influential factors, namely, natural density, moisture content, and porosity. This method enables the predicted data to reflect the ground heat conduction capacity as close as possible to that of the DTRT.
ANNs have different types. One of the most widely used is the back propagation (BP) ANN, which was first introduced by McClelland and Rumelhart in 1986 [44] . A BP ANN is a multi-layer feedforward neural network trained by the error back-propagation learning algorithm. The basic structure of the BP ANN model is composed of input, hidden, and output layers. A typical neural network is shown in Figure 8 . Before BP ANN can be used, the network must be trained to have associative memory and prediction capability. The training process includes the following steps. Cho et al. [24, 25] found that the thermal conductivity of dry samples decreases with the increase of effective porosity, and the thermal conductivity of wet samples increases with the increase of water content, because the lower thermal conductivity of air in voids of rock is replaced by the higher thermal conductivity of water. Under saturated conditions, all pores of granite are filled with water, which decreases the effects of effective porosity on thermal conductivity under saturated conditions. Abu-Hamdeh et al. [42] found that the change of water content has a great influence on the thermal properties of rock and soil when the water content is low, and the influence is related to density. Abuel-Naga et al. [43] found that thermal conductivity increases with increasing soil density by investigating the thermal conductivity of soft Bangkok clay from laboratory and field measurements. The analyses revealed that the main factors influencing the conductivity results are water content, porosity, and density. Therefore, a new method is proposed in which the ANN models are used to predict the layered thermal conductivity based on the result data of DTRT.
ANNs have different types. One of the most widely used is the back propagation (BP) ANN, which was first introduced by McClelland and Rumelhart in 1986 [44] . A BP ANN is a multi-layer feedforward neural network trained by the error back-propagation learning algorithm. The basic structure of the BP ANN model is composed of input, hidden, and output layers. A typical neural network is shown in Figure 8 . Before BP ANN can be used, the network must be trained to have associative memory and prediction capability. The training process includes the following steps. First, determine the number of neurons in the input, hidden, and output layers based on sample data and randomly assign the initial values of the weights. Then, use the following equations [Equations (1) and (2)] to calculate the hidden layer and output layer value, respectively.
where ij ω is the weight between the input and hidden neurons, jk ω is the weight between the hidden and output neurons, i x is the value of the input, n is the number of input neurons, j H is 
After the output value is determined, the error term for each node is computed by Equation (5). Finally, the new values of the weights are obtained by the following equations. First, determine the number of neurons in the input, hidden, and output layers based on sample data and randomly assign the initial values of the weights. Then, use the following equations [Equations (1) and (2)] to calculate the hidden layer and output layer value, respectively.
where ω ij is the weight between the input and hidden neurons, ω jk is the weight between the hidden and output neurons, x i is the value of the input, n is the number of input neurons, H j is the value of the output for hidden nodes, r is the number of neurons of the hidden layer, O k is the value of the output for output nodes, m is the number of neurons of the output layer, a j is the bias weight between the input and hidden neurons, and b k is the bias weight between the hidden and output neurons. f refers to the activation function. The logsig function [Equation (3)] and the purelin function [Equation (4) ] are the activation functions for the hidden and the output layers in this study.
After the output value is determined, the error term for each node is computed by Equation (5). Finally, the new values of the weights are obtained by the following equations.
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ω jk = ω jk + ηH j e k j = 1, 2, . . . , r ; k = 1, 2, . . . , m
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where e k is the prediction error, Y k is the expected value, and η is the learning rate. These procedures are repeated until the desired value of error is achieved.
Modeling of Layered Thermal Conductivity with ANN
According to the geological conditions and test results of the Changchun CY01 study region, five BP neural network models were established to predict the layered thermal conductivity for layers 1 to 5. The structure and algorithm of ANN models are introduced as follows.
(1) Input layer
The input layer includes three nodes that represent the three influential factors of thermal conductivity: water content, porosity, and density.
(2) Output layer
The output layer includes one node that is the layered thermal conductivity obtained by the DTRT.
(3) Hidden layer
The selection of the number of hidden layer nodes directly affects the performance of the BP neural network. One empirical formula is frequently used, which is shown as Equation (10) [45] .
where r is the number of neurons of the hidden layer, and n is the number of input neurons. Consequently, the hidden layer has seven neurons. The schematic diagram is shown in Figure 9 .
where k e is the prediction error, k Y is the expected value, and η is the learning rate. These procedures are repeated until the desired value of error is achieved.
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(3) Hidden layer
r n 2 1 = + (10) where r is the number of neurons of the hidden layer, and n is the number of input neurons. Consequently, the hidden layer has seven neurons. The schematic diagram is shown in Figure 9 . (4) Learning algorithms BP networks have various kinds of learning algorithms, and it is difficult to determine which one is optimal for a given problem. It is usually chosen by trial and error, which is also adopted in this paper. The root mean squared error (RMS) can be used to estimate the performance of the (4) Learning algorithms BP networks have various kinds of learning algorithms, and it is difficult to determine which one is optimal for a given problem. It is usually chosen by trial and error, which is also adopted in this paper. The root mean squared error (RMS) can be used to estimate the performance of the learning algorithms in this paper. The values are determined using the following equation, Equation (11) .
where λ pre,i is the calculated value, λ test,i is the testing value, and N is the number of samples. Four learning algorithms are used in this study, including Levenberg-Marquardt (LM), one-step secant (OSS), scaled conjugate gradient (SCG), and Broyden-Fletcher-Goldfarb-Shanno (BFGS), to determine the optimal value. In the MATLAB toolbox, they are called trainlm, trainoss, trainscg, and trainbfg, respectively.
(5) Training and testing samples
The influence of density, porosity, and moisture content on the thermal conductivity of rock soil varies for different stratigraphic types. In this study, five ANN models are established according to the stratigraphic types of the CY01 field test area. The 240 group datasets from the ZK01, ZK02, ZK03, and ZK04 boreholes are divided into training, validation, and test sets. The 180 sets of test data of the ZK01, ZK02, and ZK03 are used as training and validation sets, in which the training set is assigned to be 70%. The verification set is assigned to be 30%, and the 60 group test data of the ZK04 are used as the test set. The details of the selection of the training and testing samples for the five cases are given in Table 1 . The role of the training sets is to train the network. The role of the validation sets is to prevent overfitting of the training sets. Validation sets are usually used with training sets. The role of the test sets is to determine the model performance. 
Results of ANN Models of Layered Thermal Conductivity
ANN models in this paper are all performed using the neural network toolbox under the MATLAB environment. All inputs and outputs are normalized to the interval (0, 1) to ensure that no special factor is dominant over the others. Four learning algorithms (LM, OSS, SCG, and BFGS) are used to train and verify the five models (Cases 1-5) in the study. The results are shown in Figure 10 . All the RMSs of training and validation are small, less than 0.07. SCG and BFGS algorithms have similar RMSs. Models with the OSS algorithm perform better than those with SCG and BFGS with smaller RMSs. LM performs better than OSS, and all RMSs of LM models are smaller than those in OSS models. LM can achieve the smallest training and validation RMSs. The prediction accuracy is measured using three statistical methods: the coefficient of determination (R 2 ), RMS, and mean absolute percentage error (MAPE). These values are determined using the following equations. The prediction accuracy is measured using three statistical methods: the coefficient of determination (R 2 ), RMS, and mean absolute percentage error (MAPE). These values are determined using the following equations.
where λ pre,i is the mean of the calculated value.
Water content, porosity, and density are used as the input parameters; layered thermal conductivity is used as the output parameters; and LM is used as the learning algorithm, which is chosen as the best network. The calculated results of MAPE, RMS, and R 2 values of the training, validation, and test sets are summarized in The estimated thermal conductivity by ANN models against the testing thermal conductivity for each layer is displayed in Figure 11 The absolute errors of both the training and testing results of the ANN models are shown in Figures 12 and 13 . The predicted value of the ANN models is very close to the test values by DTRT, especially the training results. In addition to a few points, the absolute errors are all within the interval of [−0.1, 0.1]. The maximum relative error of the training sample is 4.7%, and the average value is 0.7%; the maximum relative error of the test sample is 5.6%, and the average value is 1.1%. Figure 14 shows the plots of the layered thermal conductivity of ZK04 predicted by the ANN models compared with the corresponding test values by DTRT. The predicted values of the ANN models fit the field test values well, which shows that using ANN models to predict layered thermal conductivity is feasible, and the prediction result is reliable. The prediction model of ANN is economical and time-saving relative to the DTRT test, and it can be further applied and promoted to provide a new idea for predicting thermal conductivity. The absolute errors of both the training and testing results of the ANN models are shown in Figures 12 and 13 . The predicted value of the ANN models is very close to the test values by DTRT, especially the training results. In addition to a few points, the absolute errors are all within the interval of [−0.1, 0.1]. The maximum relative error of the training sample is 4.7%, and the average value is 0.7%; the maximum relative error of the test sample is 5.6%, and the average value is 1.1%. Figure 14 shows the plots of the layered thermal conductivity of ZK04 predicted by the ANN models compared with the corresponding test values by DTRT. The predicted values of the ANN models fit the field test values well, which shows that using ANN models to predict layered thermal conductivity is feasible, and the prediction result is reliable. The prediction model of ANN is economical and time-saving relative to the DTRT test, and it can be further applied and promoted to provide a new idea for predicting thermal conductivity. 
Project Example 2
Project Overview of CY02 Study Region
In the CY01 field test area, the thermal physical tests were performed to apply GSHP. The tests involved two standard TRTs and 120 laboratory thermal physical tests and physical property tests of rock and soil samples for the ZK05 and ZK06 boreholes. Table A1 only shows the results of the laboratory tests of the ZK05 because of the volume of data. As can be seen from the table, the 
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In the CY01 field test area, the thermal physical tests were performed to apply GSHP. The tests involved two standard TRTs and 120 laboratory thermal physical tests and physical property tests of rock and soil samples for the ZK05 and ZK06 boreholes. Table A1 only shows the results of the laboratory tests of the ZK05 because of the volume of data. As can be seen from the table, the formation conditions of the CY01 and CY02 study regions are similar. Relative to the CY01 study region, the CY02 has a slightly higher water content, density, and thermal conductivity. The porosity of the CY02 is roughly the same as that of the CY01.
A heating power of 5600 W was constant during the TRTs, and hot water was imported to the pipe at not less than 1 m 3 /h from the water pump. The entire experiment experienced 48 h heating periods. Inlet and outlet temperature, flow rate, and heat power were recorded by the data acquisition system at an interval of 1 min. The recordings of ZK05 are shown in Figures 15 and 16 . The thermal physical parameters were obtained by interpreting the recordings with the line source model [17] . The calculated results are shown in Table 3 .
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A heating power of 5600 W was constant during the TRTs, and hot water was imported to the pipe at not less than 1 m 3 /h from the water pump. The entire experiment experienced 48 h heating periods. Inlet and outlet temperature, flow rate, and heat power were recorded by the data acquisition system at an interval of 1 min. The recordings of ZK05 are shown in Figures 15 and 16 . The thermal physical parameters were obtained by interpreting the recordings with the line source model [17] . The calculated results are shown in Table 3 . formation conditions of the CY01 and CY02 study regions are similar. Relative to the CY01 study region, the CY02 has a slightly higher water content, density, and thermal conductivity. The porosity of the CY02 is roughly the same as that of the CY01. A heating power of 5600 W was constant during the TRTs, and hot water was imported to the pipe at not less than 1 m 3 /h from the water pump. The entire experiment experienced 48 h heating periods. Inlet and outlet temperature, flow rate, and heat power were recorded by the data acquisition system at an interval of 1 min. The recordings of ZK05 are shown in Figures 15 and 16 . The thermal physical parameters were obtained by interpreting the recordings with the line source model [17] . The calculated results are shown in Table 3 . The thermal physical parameters in the CY02 study region were only determined by laboratory methods and standard TRT. The thermal conductivity by laboratory methods was often smaller than the true value, so it could not be directly adopted in designing a GSHP system. The thermal conductivity by the standard TRT was an average value, which was not accurate when applied to the GSHP system. Finding a suitable method to predict the layered thermal conductivity is thus necessary. The CY02 study region is located very near the CY01, and the geological conditions are similar based on the drilling data. Therefore, the ANN models of the CY01 can be used to predict the layered thermal conductivity for the CY02. Figures 17 and 18 shows the plots of the layered thermal conductivity of ZK05 and ZK06 predicted by the ANN models and the corresponding test values by the laboratory methods, respectively. The average values of the thermal conductivity of generalized five layers could be obtained (Table 4) based on the testing results of laboratory samples. Table 4 also shows the average values of the predicted layered thermal conductivity by the ANN models. Through calculation, the relative errors of laboratory tests and ANN prediction results are 47.8%, 20.6%, 21.8%, 16.6%, and 26.3% for silty clay, mudstone, sandstone, silty mudstone, and fine sandstone, respectively. It can be seen that the difference between silty clay, sandstone, and fine sandstone is relatively larger than mudstone and silty mudstone. This is likely because the silty clay, sandstone, and fine sandstone are aquifers, the water content and the underground seepage conditions changes greatly during the sampling process. Therefore, the difference between field tests and laboratory tests should be larger. This is similar to the test results in the CY01 study area, which indicates that ANN prediction results of the CY02 study area are in accordance with this fact.
Project Application
In addition, it is necessary to further verify the accuracy of ANN prediction results. Two key parameters for designing the GSHP system are the depth of the GHE and the thermal conductivity. The product of the two parameters can represent the heat exchanging capacity of the rock and soil layers. For the standard TRT,
where H is the total depth of the borehole, m; and λ is the thermal conductivity, W/(m · K).
For the ANN models, we can calculate the heat exchanging capacity by Equation (15), which shows that the product is obtained when the predicted thermal conductivity of each layer is multiplied by its depth, as represented by Equation (14) . The calculated value should be equal to the theoretical result of the standard TRT.
where λ * is the uniform predicted thermal conductivity, W/(m · K); λ 1 , · · ·, λ n is the predicted thermal conductivity corresponding to each rock and soil layer, respectively, W/(m · K); and h 1 , · · ·, h n are the depths of each rock and soil layer after generalization,m. For the laboratory methods, we can also calculate the heat exchanging capacity by Equation (15) . The calculation results of the heat exchanging capacity are shown in Table 4 . The discrepancies between the standard TRT and the laboratory methods are 20.77% and 17.97% for ZK05 and ZK06, respectively. These results illustrate that the thermal physical parameters of the laboratory tests only reflect a part of the heat transfer capacity, which indicates a huge gap when compared with actual situations. The discrepancy between the standard TRT and the ANN models is 5.43% and 6.37% for ZK05 and ZK06, respectively. The calculated results show that the thermal physical parameters predicted by the ANN models could reflect the heat transfer capacity of the rock and soil layers. These findings indicate that the proposed method in this study is applicable, and the predicted layered thermal conductivity is convenient for engineering design.
Because the ANN models were established based on the CY01 study area, and the strata mainly consist of silty clay, mudstone, sandstone, silty mudstone, and fine sandstone. Therefore, the model has higher accuracy in predicting sites with similar formation conditions. However, the idea in this paper can be extended to other regions with different strata. We will continue to explore the suitability of ANN for predicting the layered thermal conductivity under other lithologic conditions. has higher accuracy in predicting sites with similar formation conditions. However, the idea in this paper can be extended to other regions with different strata. We will continue to explore the suitability of ANN for predicting the layered thermal conductivity under other lithologic conditions. 
Conclusions
In this study, the thermophysical parameters for two study regions in Changchun district are determined through the standard TRT, DTRT, and laboratory tests. The main affect factors of the thermal conductivity are determined according to the test results and previous research data. Then, the main factors are used to predict the layered thermal conductivity based on ANN models. The main findings of this study can be summarized as follows:
1. In the study region, the average temperature is 8.6 °C over the entire range of the ground within 120 m, except for the changing temperature layer, and the geothermal gradient is approximately 3 °C/100 m from 40 m to 120 m. 
1.
In the study region, the average temperature is 8. Based on the analyses of the test results in the CY01 study region and previous research data, the main factors influencing the conductivity results are water content, porosity, and density, which can be used as input variables for the ANN models. For the CY01 study region, the absolute errors between the test values by DTRT and the predicted value of the ANN models are all within the interval of [−0.1, 0.1]. The maximum relative error of the training sample is 4.7%, and the average value is 0.7%. The maximum relative error of the test sample is 5.6%, and the average value is 1.1%. 6.
For the CY02 study region, the discrepancy of the heat exchanging capacity between the standard TRT and the laboratory methods is 20.77% and 17.97% for ZK05 and ZK06, respectively. The discrepancy of the heat exchanging capacity between the standard TRT and the ANN models is 5.43% and 6.37% for ZK05 and ZK06, respectively. The results demonstrate that the proposed method of ANN is feasible, and the results are satisfactory. 7.
Compared with DTRT, the prediction model of ANN is more economical and time-saving. Furthermore, the model has higher accuracy in predicting sites with similar formation conditions. The method can be extended to other regions with different strata. As for the next step, we will continue to explore the suitability of ANN for predicting the layered thermal conductivity under other lithologic conditions. 
